Due to the excellent localization characteristic of the wavelet transform both in time domain and frequency domain, the traditional Fourier filter can hardly attain the similar performance, a extraction method of visual evoked potentials based on wavelet packet and wavelet neural network is presented, which can extract of visual evoked potentials in single training sample from the background noise of electro encephalogram in favor of studying the changes between the single sample response. The information is probably related with the different function, appearance and pathology of the brain. The experiment result proves that this method is not restricted by the signal-to-noise ratio of evoked potential and electroencephalograph and even can recognize instantaneous event under the condition of lower signal-to-noise ratio, as well as recognize more easily the samples that evoked evident response. Therefore, more evident average evoked response could be achieved by denoising the signals obtained through averaging out the samples that can evoke evident responses than denoising the average of original signals. In addition, averaging methodology can dramatically reduce the number of record samples needed, thus avoiding the effect of behavior change during the recording process. This methodology pays attention to the differences among single training sample and also accomplishes the extraction of visual evoked potentials from single training sample. As a result, system speed and accuracy could be improved to a great extent if this methodology is applied to brain-computer interface system based on evoked responses.
INTRODUCTION
Recent rapid advances in computer hardware and signal processing technology have made it feasible to use human electroencephalograph signals to communicate with a computer. Nowadays Paralyzed patients are able to communicate with outside world by means of a completely new communication technique. That is braincomputer interface technique. However brain-computer interface systems still got such a problem as slower communication speed, which is 5-25 bits per minute at present. The approach in electroencephalogram signal processing is one of the important factors that affect brain-computer interface communication speed.
The visual evoked potential appears in the voluntary electroencephalogram signal after being stimulated by target and it can be used as a binary control signal in the brain-computer interface system. But due to the nonstable feature of visual evoked potential and very low amplitude of evoked potentials compared with the spontaneous electroencephalogram background noises, as well as the overlap of evoked potentials frequency band and electroencephalogram noises frequency band, it is hard to extract the genuine evoked potentials from the background electroencephalogram by using conventional signal processing method. As a result of the excellent localization characteristic of the wavelet transform both in time domain and in frequency domain, we present a wavelet-based denoising method for extracting evoked potentials in single training sample (Chang and Lee,2013; Slotnick and Klein, et al.,2013) 
VISUAL EVOKED POTENTIALS
The visual evoked potential is one of the three kinds of clinical evoked potentials, the other two are the auditory evoked potential and the somato sensory evoked potential. The evoked potential is the weak potential changes generated by peripheral nervous system and central nervous system during information delivering process after human sensory organs receive some particular stimulation. Based on the length of the simulating interval time and single evoked potential respond time in the experiment, the evoked potential can also be divided into two types of potentials, which are transient evoked potentials and steady-state evoke potentials.
Clinically the evoked potential can be used to evaluate the integrity of transmission path among different parts of the sensory nerves or motion nerves (Vincent and Raghuveer, et al.,2014) .
In accordance with time succession, the evoked potential consists of three parts: early wave mid-latency wave and late wave. Early wave is made up of seven kinds of wavelets, which occur within 10ms after being stimulated with a frequency scope of 100-3000Hz and amplitude of less than 1μV. Mid-latency wave is usually thought to reflect the foremost cortex activities with a frequency scope of 30-150Hz and amplitude of 1-10μV. Late wave is the wave-shape that occurs 100ms after stimulation and it represents cortex activities related to nerves. The frequency scope of late wave is within 1-30Hz and its amplitude is within 5-100μV.Basically the visual evoked potential lies within the scope of late wave and mainly includes P100, N200 and P300.
From the discussion above, it can be concluded that the vast majority of evoked potentials energy is centered within the scope of frequency band less than 30Hz and each wave shape has a certain relationship of lock-time with the simulating time, which is an important characteristic of the evoked potential. As long as the appropriate stimulation is available, brain-computer interface system can utilize the evoked potential generated by stimulation as the control signal, the advantages of which lie in that it doesn't take a very long training time to use this system as well as it almost can provide discrete control for all users. The evoked potential and the event related potentials are hard to be tested under the strong background noises of spontaneous electroencephalogram signals because of theirlow amplitude. Moreover, but their communication speed is very slow.
WAVELET TECHNOLOGY PRINCIPLE
In 1984, Grossman and Morlet put forward the wavelet transform. In 1987,Mallat wisely introduced the theory of multi-distinguishing analysis into the wavelet analysis, which includes the construction of wavelet function and the decomposition and reconstruction of wavelet transform. The wavelet transform solves the problem of Fourier Transform, which is good at describing the frequency characteristic of signals, but hardly able to provide any information about the signal in time and frequency domain. After Daubechies constructed the orthogonal wavelet packet with limited supported wavelet, the systematic theory about wavelet analysis was established initially.
3.1.Space Feature Extraction by Wavelet Packet
The wavelet decomposition can only decompose further the low-frequency information and cannot decompose the high-frequency information, which make the high-frequency information cannot be use and information extracting cannot get enough. So the information decomposition is completed by wavelet packet in high-frequency bands. The different between wavelet packet decomposition and wavelet decomposition is that wavelet packet decomposition equal to use a low-pass filter and a high-pass filter at the same time. The wavelet packet analysis can provide a more refined analysis method, which can multilevel partition the frequency bands and analyze the high-frequency part further which don't been subdivided by multi-resolution analysis, and choose the interrelated frequency bands to make it suited with signal spectrum. The time-frequency resolution is rising. Thus, discussing to this experiment, we can decompose the signal subtly by wavelet packet, and realize the visual evoked potential recognition (Stephane and Mallat, 2014) .
The visual evoked potential signals in wavelet packet express with the distinct energy distributing changing in wavelet subspace. The signal j order wavelet packet transform can get wavelet packet coefficients
is the number of the wavelet tree nodes which getting after decomposing, and k is the location parameter under the wavelet packet subspace of 2 j scale. After decomposing the wavelet coefficients of N frequency bands constitute N sub-spaces, denoted as , jn A , and the signal energy of each sub-spaces is
Constructing feature vector by using energy as element
Normalizing the eigenvector
Fmis feature space being extended after normalizing the eigenvector. Researching from frequency-domain, if regard the highest frequency composition within original signal as 1, the wavelet packet decomposition is decomposing signal with different frequency bands evenly into several windows, and each decomposed results corresponds signal information in the frequency bands.
Pattern Recognition Based on Wavelet Neural Network
Wavelet neural network is a kind of neural network based on wavelet analysis, which make use of the good local localized character of the wavelet transform and combine the self-learning function of neural network. So wavelet neural network has more powerful abilities of approximate and the realized process is simpler. In this experiment we choose the discrete orthogonal wavelet network which is evolved from radial basis function, and its construction according to discrete wavelet transform theory as: select basis wavelet function
is () x  Fourier transform, and suffice admissible condition:
The wavelet function system ,, { ( )} ab x  can be achieved after using scale transformation and translation transform to ()
In the formula, a is scale parameter, b is translation transform. To arbitrary function () fx , its definition of continuous wavelet transform is
The function () fx fits with coefficient ,
According to feature of fusion point defects signal, select Morlet decompose wavelet which used to detect the signal singularity at first, as
For constructing the orthogonal basis of Hilbert space, the scale coefficient sequence {} n h and wavelet coefficient sequence {} n g are confirmed by the construction condition of compactly supported wavelet. Knowing from wavelet theory, when scale coefficient j is large enough, the feed-forward network, which includes one hidden layer can approximate a nonlinear mapping with arbitrary function. So we make use of 3 layers wavelet network in this experiment (Quiroga and Sakowitz,2013) .
Wavelet Transform and Electroencephalogram
The main advantage of wavelet transformation is that it has a variable analysis window of time frequency. Its wide window can be used to analyze the low frequency signal and its narrow window can be used to analyze high frequency signal. Therefore, wavelet transform can provide the superior time frequency resolution for signal analysis within all the frequency scope. Because the scope of wavelet transform window can automatically adapt it to the instantaneous events of each dimension, it is especially suitable for analyzing the unstable signals, such as visual evoked potentials of electroencephalogram (Yamaguchi and Omori,et al.,2015) .
The electroencephalogram is an unstable signal and it possesses the typical characteristic that frequencies vary depending on time and record position. Electroencephalogram has some events with big dimension and low frequency, such as the δ-wave and composition of P300, and also has some events with small dimension and high frequency, such as the 40Hz-rhythm and cusp wave of electroencephalogrametc. Brain-computer interface study is interested in the instantaneously changing events that signals appear in certain period of time or scalp area. Therefore, the traditional signal processing methods, such as Fourier Transform, are difficult to achieve satisfactory results. The approach in wavelet analysis is able to provide the capability of local analysis and classification for signal analysis, therefore it can precisely detect the time and instantaneously changing degree brought about by specific events in nerve signals as well as the information that its frequency varies from time to time or space to space. Moreover, the calculation formula of wavelet transform is reversible and the original nerve signals can be reconstructed well. Therefore wavelet analysis are greatly applied to nerve signals analysis and processing, which mainly includes denoising, compression, pre-processing before electroencephalogram entering the neural network, detecting cusp wave and accidents and detecting nerve affairs and nerve composition etc (Wolpaw and McFarland, et al., 2013; Birbaumer,2014) .
EXTRACTION OF VISUAL EVOKED POTENTIALS BASED ON WAVELET TRANSFORM
Evoked potentials are the weak changes produced on electroencephalogram because of stimulation, which have a lock-time relation with stimulation. Their response features can recur more or less under the same experiment condition. The evoked potential signals are capable of reflecting brain's different senses or cognitive functions. Therefore, this kind of electroencephalogram that represents brain's different conditions and functions can be used as control signal to communicate with outside in brain-computer interface research. Because of low amplitude of evoked potentials compared with spontaneous electroencephalogram, they are usually submerged in the strong background noises of spontaneous electroencephalogram, which makes it hard to be observed directly from original electroencephalogram signals. At present, a superposition-average method is used widely in clinic to extract evoked potentials, which is to eliminate by means of superposition the spontaneous electroencephalogram signals on the evoked response samples with more than several million times, thereby intensifying evoked potentials. The superposition average method raises the signal-to-noise ratio of evoked potential/electroencephalogram, but it loses the varying information among single training sample which probably relates to the behaviors or functions we study. Also sampling repeatedly results in more suffering to the test-receivers (Tu and Huang, et al., 2013) .
Afterwards researchers adopt a way of compromises to reduce the times of samples superposed with a view to lessening those disadvantages brought about by the superposition average method. Only on condition that it is truly implemented to extract evoked potentials from single evoked response samples, those disadvantages brought by the superposition average method could be avoided fundamentally and a real-time communication based on evoked potentials and brain-computer interface systems could be realized in actual fact. Wavelet transform is a kind of multi-resolution analysis method. Due to its good localization feature both in time and frequency domain, wavelet transform can focus on any details of the objects, which makes it possible to extract evoked potentials in single training sample (Hwang and Hwan, et al., 2015) .
Experiment Data
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Figure 1. Experiment method flowchart
The experiment data comes from the responding sample of target stimulus collected from the examples of vision oddball experiment, which is to impose two different types of visual stimulus (stimulation times n=200) on two normal test-receivers who are in a state of being awake and non-thinking-of-other-activity by using twinkling reversing chessboard in a pseudo-random order, illustrated as figure 1.75% of the stimulus is nontarget stimulus with the chessboard color all reversed and 25% is target stimulus with half of the chessboard color reversed. This experiment requires the test-receivers to neglect the non-target stimulus and count the number of target stimulus that appear. The two types of stimulus change between 2.5s and 3.5s at random. The response samples are recorded from the left occipital region with earlobe as reference point. The sample frequency is 256 Hz. After being filtered through 0.1-70Hz band-pass, almost 2 seconds' data is saved in hard drive, which contains 256 before-stimulus data and 256 after-stimulus data. Through selection, 30 and 16 visual evoked response samples without artifacts from two test-receivers are saved separately in two documents.
Experiment Methods
Choosing wavelet basis function: Another advantage of the wavelet transform is that it can choose transform basis function according to the characters of signals to be analyzed, while the Fourier transform and the Gabor transform only can use the sine function or sine function after adjustment as the transform basis function. Therefore, the wavelet transform can better reflect signals' local characteristics. It is important to choose a wavelet basis function according to characteristics of the signals that need to be analyzed. In principle, the wave-shape of wavelet function should be same with the wave-shape of signals that need to be analyzed. However, because of restrictions on the conditions of basis wavelet in mathematics, not every function can be uses as wavelet basis function. Hence the standard of choosing wavelet basis function is that its wave-shape should be similar to the wave-shape of the signals that need to be analyzed. Only by this can it be done to better test wave-shape structures that are of interest in wavelet area as well as it can keep signals as original as possible during signals reconstruction. In view of this consideration, the bi-orthogonal B-spline(3,15) wavelet is chosen as basis function to analyze the nerve signal. B-spline wavelet is a function that be made up of some piece-wise polynomial and is a basis in space of L2(R). There are some characteristics of B-spline wavelet suitablefor analyzing visual evoked potentials, such as: smoothness, best-time frequency-resolution, tight support and symmetry.
Fast Mallat algorithm:The fast Mallat algorithm provides a very convenient means for visual evoked potential applications, especially in the time-frequency analysis of signals, which only needs to know the relevant data of the signals that need to be analyzed and the transfer coefficient{hn} and{gn} of the two-scale equation without involving specific expression of scale function φ (t) and wavelet function ψ (t).It comes first to choose decomposition scale layer when decomposing the averaged visual evoked response using B-spline wavelet because the size of dimension layer directly decides the degree of how finely the low frequency part is divided. While the dimension layer is 5, the low frequency part of evoked potentials can be reflected very well on the dimension diagram, which is the reason that 5 is chosen as dimensions layer. The wavelet coefficient of the average evoked response can be obtained after decomposing and sampling using fast Mallat algorithm, and the wavelet coefficient can reflect the degree of how wavelet match visual evoked potential signals. Because the averaged visual evoked potential has 512 data points, the amounts of wavelet coefficients acquired from D1 to D5 layerare256,128,64,32 and16 respectively, the amount from A5 is 16 and all the amounts of the wavelet coefficients add up to 512.If replacing zero into coefficients of each dimension layers to reconstruct, we can have a reconstruction diagram about each dimension layers, illustrated as Figure 2 Choosing denoising coefficient template: The wavelet denoising is actually to set as zero the wavelet coefficients related to background noises of spontaneous electroencephalogram and only keep the wavelet coefficients which relate to visual evoked potential. The visual evoked potential after being denoised can be gained through the wavelet adverse transform. Hence the key of denoising visual evoked potential is to decide which wavelet coefficient should be kept and which wavelet coefficient should be placed to zero. The wavelet denoising method adopted in this article makes good use of visual evoked potential time-frequency characteristic and decides which wavelet coefficient should be kept in accordance with the lock-time relationship between the components of visual evoked potential and stimulus time. The data from -1s to 0sis spontaneous electroencephalogram data before stimulus. The first 256 data is not processed in order that spontaneous electroencephalogram signals can be used to test denoising result in later tasks. Because the energy of evoked potential is mainly distributed within the 600ms time zone after stimulus appearing and their frequency is less than 40Hz, we set zero the high-frequency of D1 and D2 and wavelet coefficient after 600ms. In D3, wavelet coefficient is chosen within the scope [34, 38] , [17, 23] in D4, [8, 12] in D5and [9, 15] in A5. Then the average visual evoked potential following denoising is obtained after reconstruction using the kept wavelet coefficients.
Experiment Results
The sampling frequency of evoked response samples is 256Hz. Through the two divided-frequency function of wavelet transform, the particular frequency scope and electroencephalogram rhythm corresponded by each dimension layer are illustrated as Energy of P100 wave and N200 wave mainly concentrates on the detailed D4 and D5, which relate to the wavelet coefficient of D4 and D5. P300 wave energy largely concentrates in the summary A5, which relates to the wavelet coefficient of A5.By using the above wavelet coefficient template to denoise the evoked response sample of two test-receivers, the result is shown as figure 4. The black lines in figure stand for the visual evoked potential signals after denoising and the gray lines stand for the original visual evoked response signals. The (Av)on top left of the diagram illustrates the denoising result of the visual evoked potential response after being averaged, from which the wave-shape components of P100, N200 and P300 in the averaged visual evoked potential can be observed clearly. From the single training denoising diagram and most diagrams of the single visual evoked response after denoising, we can observe the wave-shape components of P100, N200 and P300 in visual evoked potential and also the differences among single training sample at the same time, which is hardly observed in original data. 
Correlation Analysis
In order to prove the experiment result is the real evoked response, and is not the spontaneous electroencephalogram signal, we calculate the correlation coefficients of visual evoked potential signals after single denoising and the averaged visual evoked potential signals after denoising from the two test-receivers as well as the correlation coefficients of visual evoked potential signals after single denoising and the spontaneous electroencephalogram signals. The correlation coefficients decide the degree of similarity among the visual evoked potential signals after single denoising, the averaged visual evoked potential signals after denoising and the spontaneous electroencephalogram signals.
Through statistically analyzing correlation coefficients, sample number accounts for 85% that correlation coefficients of the visual evoked potential signals after single denoising and the averaged visual evoked potential signals after denoising are more than 0.45. Most of the correlation coefficients of visual evoked potential signals after single denoising and the spontaneous electroencephalogram are less than 0.15. Furthermore the average value of correlation coefficient of visual evoked potential signals after single denoising and the spontaneous electroencephalogram signals is much lower than correlation coefficient of visual evoked potential signals after single denoising and the averaged visual evoked potential signals after denoising. Obviously, this methodology in extracting visual evoked potentials with single training sample can achieve a satisfactory result.
CONCLUSIONS
The experiment result proves that the method introduced in this paper is different from other wavelet denoising methods in that different criteria are employed in choosing wavelet coefficient. It has a biggest virtue of noting the differences among the single training sample and making use of the characteristics of being high time frequency resolution to reduce the effect of interference factors to a maximum extent within the time scope that evoked potentials appear. Furthermore, this method is not restricted by the signal-to-noise ratio of evoked potentials/electroencephalogram and even can recognize instantaneous event under the condition of lower signal-to-noise ratio, as well as recognize more easily the samples which evoked evident response. Therefore, more evident average evoked response could be achieved by denoising the signals obtained through averaging out the samples that can evoke evident responses than denoising the average of original signals. In addition, averaging methodology can dramatically reduce the number of record samples needed, thus avoiding the effect of behavior change during the recording process. This methodology pays attention to the differences among single training sample and also accomplishes the extraction of visual evoked potentials from single training sample. As a result, system speed and accuracy could be improved to a great extent if this methodology is applied to brain-computer interface system based on evoked responses.
